I compare random, stock-flow and job queuing models to determine which mechanism prevails in the Polish labour market. I use monthly registered unemployment data for the period 1999 -2013 and econometrically correct for temporal aggregation bias in the data. I extend the known solutions to make them directly applicable to a job queuing model. 
Introduction
I compare labour market matching mechanisms, specifically, random and stock-flow, to determine which one prevails in the Polish labour market. I explicitly address the nature of matching technology while econometrically addressing the temporal aggregation bias in the data. This approach produces robust results and indicates the relative importance of stocks and flows in the employment creation process. Different matching technologies offer competing explanations of how job seekers and job vacancies are matched. If we identify the matching technology, we can formulate policy recommendations to improve the efficiency of the matching process.
I use data on public employment intermediation in the Polish labour market. Poland is an exceptionally interesting case. This country has experienced substantial volatility in unemployment rates over the past twenty years (oscillating between less than 7% in 2008 and more than 20% in 2004). The labour market has undergone fundamental changes since the beginning of the transition from a centrally planned to a market-oriented economy. Lehmann (2012) indicates that the success of repeated attempts at reform and strong overall economic performance were, among other factors, determined by the fact that none of the important reforms were reversed, even following changes in government. However, various amendments and small modifications were regularly implemented in this period. Specific goals were partially or fully achieved at the cost of substantial labour market adjustment.
Large fractions of workers who could not adapt to new conditions exited the labour market, which resulted in relatively low labour force participation rates (Lehmann 2012) . I focus on public employment intermediation only. A relatively small fraction of companies publishes vacancies in the public employment offices (approximately 16.5% in 2012) . Nevertheless, this remains the most common job search method among job seekers (approximately 70% of job seekers contact a public employment office). The matching function is a well-known tool used to analyse aggregate matching processes. Models differ in their description of the matching mechanism, depending on the assumptions made regarding the impact of stocks and flows. In a random model (see, e.g., Blanchard and Diamond 1994) a match occurs once a job seeker is assigned to a particular job. Vacancies and unemployment coexist due to coordination failure among agents, even if demand equals supply. The stock-flow model (see, e.g., Coles and Smith 1998) assumes perfect information to reflect the fact that agents first consider numerous advertisements before applying for selected job offers, and once an offer has been rejected, reapplication is less likely than a search for new vacancies. Agents who remain in the job market lack a proper partner, as all trade options have been exploited. The job queuing model (see, e.g., Shapiro and Stiglitz 1984) is formulated to reflect the large discrepancies between demand and supply. The short side of the market clears in each period, but an insufficient number of vacancies means that workers must wait for new job postings. Petrongolo and Pissarides (2001) provide the most thorough review of the literature on matching functions. They group the research according to the type of study, methods used or particular research areas. They refer, among other factors, to worker heterogeneity, mismatch, ranking and data aggregation. They present studies on the Beveridge curve and aggregate, sectoral and micro studies. They conclude that a matching function is a nice, but somewhat black box aggregate function, the existence of which is well documented but lacks microfoundations. Additionally, certain papers refer to particular aspects of the empirical application of the matching function. For example, Borowczyk-Martins et al. (2011) refer to search endogeneity that may bias the estimated elasticities. This endogeneity results from the search behaviour of agents on both sides. Galuščák and Münich (2005) analyse how different worker flows (e.g., to and from inactivity) affect the matching function elasticities.
A few papers apply the matching function concept to Polish data (see Roszkowska (2009) for a literature review). These papers rarely explicitly define the type of technology that describes the trade process but usually assume matching between the unemployment stock and vacancy inflow. Often, the aim of such research is to identify the determinants of the efficiency of the matching process from a regional perspective. This is primarily achieved by estimating an augmented matching function (see, e.g., Kwiatkowski and Tokarski 1997) . Tyrowicz (2011) , in turn, applies the stochastic frontier model at the NUTS-4 level. Only Gałecka-Burdziak (2012) considers temporal aggregation bias in the data.
I contribute to the literature in several ways. I use overidentified specifications of selected matching function models to identify which type of agents (stocks or flows) form pairs. I employ both temporal data aggregation solutions to compare them, but my primarily aim is to obtain robust results. This approach allows me to identify the matching function elasticities with respect to stocks, flows and 'at risk' measures. I also extend these solutions to directly analyse the job queuing framework. Finally, I provide a thorough analysis of the matching process in the Polish labour market, particularly concerning public employment intermediation.
I find that stocks and inflows of agents engage in a matching process. Job seekers (from the pool) seek work among old and new job posts, but only a small fraction of the newly unemployed individuals enjoy a positive instantaneous re-employment probability.
Demand is the driving force in aggregate hiring, but the vacancy inflow is more important than the stock counterpart. The positive elasticity of the vacancy stock demonstrates that not all job offers are covered instantaneously, despite the large discrepancies between demand and supply. I find that the random model appears to be more relevant, but the results do not negate the non-random matching mechanism. If the random model prevails, this entails the need to improve information to facilitate the matching process. The stock-flow model justifies labour market policy actions intended to create more job offers.
Labour market matching models and the method
Different theoretical frameworks (stock-based random, job queuing and stock-flow) offer various explanations of the matching process. Matching is determined either by stocks or by a combination of stocks and flows. Appropriate specifications of the matching function are used to verify theoretical assumptions concerning the matching technologies. Typically, the form is a Cobb-Douglas function, = ( , , , ), where represents the number of matches, is the unemployment stock, is the unemployment inflow, is the vacancy stock, and is the vacancy inflow. Table 1 compiles the forms of an unemployed worker's hazard rate, according to particular model assumptions.
[ Table 1] In the empirical analysis, I extend these forms by assuming more general specifications. I attempt to determine the importance of particular matching mechanisms. Coles and Smith (1998) consider the outflow from unemployment to employment (disaggregated according to search duration) to be dependent on a vacancy stock and an inflow. Gregg and Petrongolo (2005) propose a test to verify stock-flow and random mechanisms by enabling an unemployment stock to match both the stock and the inflow of job offers, as do Coles and Petrongolo (2008) . I extend this test (using overidentified specifications) to determine what types of agents form pairs.
I perform the analysis and econometrically correct for temporal aggregation bias in the data. Such bias arises when continuous economic processes are described using discrete data. Coles and Smith (1998) present an example. A job posting is published at the beginning of the month but is not matched until the end of the month. A job seeker arrives in a market at the end of the month. Monthly data present both agents as part of an inflow, although from a job seeker's perspective, the vacancy is part of a stock. Moreover, the literature suggests that large fractions of newcomers immediately match after entering the market. These agents are not reflected in end-of-period stocks, and hence, the stocks do not properly approximate job seeker or vacancy pools (Gregg and Petrongolo 2005; Petrongolo and Pissarides 2001) .
Temporal aggregation bias in the data leads to understatement of the importance of stocks and overstatement of the importance of inflows.
I address this problem using the frameworks of Gregg and Petrongolo (2005) and Coles and Petrongolo (2008) , and proposing a slight modification that enables the direct estimation of a job queuing model. Gregg and Petrongolo (2005) and Coles and Petrongolo (2008) identify the number of agents available for matching. However, only the second framework fully accounts for temporal aggregation in the data. Coles and Petrongolo (2008) highlight differences between frameworks that mathematically address the temporal aggregation problem in the data. Studies adopt different conditions for the hazard rate of exiting unemployment. In Gregg and Petrongolo (2005) , this rate depends on beginning-ofperiod stocks (in random matching) or on a stock and a relevant inflow (in stock-flow matching). Coles and Petrongolo (2008) condition the hazard rate on 'at-risk' measures 1 .
Thus, even in the random model, the vacancy inflow is operationalised through a vacancy 'atrisk' variable. This leads to the conclusion that Gregg and Petrongolo's model is biased against the random mechanism because it does not fully reflect temporal aggregation in the data (Coles and Petrongolo 2008 seekers on unemployment stocks and inflows and corresponding outflow rates. The specific models are verified using appropriate specifications of (unemployment stock hazard rate) and (instantaneous unemployment inflow matching probability). In simple random matching, for example, depends on beginning-of-period stocks, but in full non-random matching, it depends on the unemployment stock and vacancy inflow, while depends on the unemployment inflow and vacancy stock. The equation for the outflow from unemployment for a random model takes the following form:
where = ( , ). For a stock-flow model, it takes the following form:
where = ( , ), = ( , ) and -the number of matched unemployed individuals during month ,
-beginning-of-month unemployment stock, -unemployment inflow during month , -unemployment stock hazard rate, and -instantaneous unemployment inflow matching probability.
A straightforward modification produces a job queuing model. We assume a random matching mechanism and that job seekers only match with vacancy inflow; hence, the total number of matches equals
where = ( , ).
In Coles and Petrongolo's (2008) solution 3 , the total number of matched job seekervacancy pairs in random matching equals = ̅ while in stock-flow matching, it equals
where ̅ is the unemployment 'at-risk' measure.
In a stock-based mechanism, the number of matches depends on the unemployment and vacancy 'at-risk' measures ( ̅ ). The non-random model assumes that members of the unemployment pool match the vacancy inflow, while individuals in the unemployment inflow match members of the vacancy pool.
Under a job queuing framework, we can assume a random mechanism:
However, the unemployment pool matches the vacancy inflow: [ Table 2 ] 
Data

Results
I estimated unemployment outflow equations to analyse matching technologies prevailing in the labour market in Poland. I used the frameworks of Gregg and Petrongolo (2005) and Coles and Petrongolo (2008) , as they produce complementary results. Table 3 presents results using Gregg and Petrongolo's (2005) framework for different specifications of and . All of the estimated specifications are reported in Appendix C. The analysis was based on seasonally adjusted monthly registered unemployment data, where the outflow from unemployment to employment was an endogenous variable. The estimation was performed using non-linear least squares and including first-order serial correlation in the disturbance term to address autocorrelation. ADF tests indicated that, at the 5% significance level, the null hypothesis of the presence of a unit root in the disturbance term could be rejected. Therefore, although the time series were non-stationary, cointegration occurred, and the equations converged to the long-run equilibrium. assumes that 1 > 0 and = 0, while the stock-flow framework assumes that 1 = 0 and > 0. Models III and IV refer to the job queuing concept. In the third model, the unemployment stock matches both vacancy variables. Econometrically, this is a reduced-form version of the specification in column I (except for ), but it assumes a random mechanism.
Model IV refers to the pure job queuing model. Model V reports results for the random stockbased model.
[ Table 3 ]
The positive and significant estimate of 1 (column V) confirmed the importance of a vacancy stock in the random model. Equations that included the vacancy inflow provided new insights into the significance of the stock and inflow variables. The stock coefficient remained statistically significant in all specifications, but its magnitude decreased sharply.
The elasticities calculated with respect to stocks and inflows indicate that the unemployment stock remained the most important variable in generating outflow from unemployment to employment across all specifications. The elasticity of the vacancy stock decreased sharply once its inflow counterpart was incorporated into the analysis.
[ Figure 2 ] [ Table 4 ]
The statistically significant parameter estimates for the stock-based model demonstrated that a random mechanism was operating in the labour market. The vacancy pool had a slightly greater influence on the outflow from unemployment to employment than did unemployment. In the job queuing models, the unemployment pool had a higher elasticity 8 In this article, I used the algorithm presented in Álvarez de Toledo et al. (2008) , who based their research on a version of the model presented in Coles and Petrongolo (2003) . The job queuing framework equations were estimated assuming a random mechanism and adjusting the code for the stock-based model. I checked the robustness of the results by estimating the parameters on the basis of the unemployment 'at-risk' measure obtained from random and reduced-form stock-flow models. The point estimates were virtually identical.
than the vacancy pool. Equations incorporating the vacancy inflow confirmed its role in the matching process. A direct comparison of the vacancy pool and vacancy inflow indicates that the flow had a greater impact on generating matches (not in Model I; however, this stock-flow model also contains an insignificant estimate of ). The instantaneous matching probability of the newly unemployed was close to zero and statistically insignificant.
[ Figure 3 ]
The highest mean re-employment probability was observed in the job queuing model 
Discussion
The estimated elasticities indicate that most of the matches originate from the unemployment stock and vacancy inflow. This means that many job seekers are situated on the long side of the market and wait for new job postings to arrive. Matches between the unemployment inflow and the vacancy stock play a lesser role in generating the outflow from unemployment to employment. The instantaneous matching probability of the unemployment inflow was close to zero in most specifications. This finding confirms that the matching process is time consuming and only few workers have non-zero re-employment probability.
The positive elasticity of the vacancy stock also demonstrates that not all vacancies are covered instantaneously and that job seekers consider both old and new job offers.
The results do not preclude any of the analysed matching technologies, although random matching seems to have some superiority over the stock-flow model. If a random mechanism prevails (in either the stock-based or job queuing form), this means that labour market policy should be directed at improving the information in the labour market to facilitate matching. The finding that the stock-flow model has some explanatory power implies that heterogeneous agents engage in search activity.
All estimates indicate a mean unemployment duration of at least 17 months (78 weeks). These results overestimate the true value of the mean unemployment duration, but the models assumed only that there is an outflow from unemployment to employment (the outflow from unemployment to employment constituted on average 45% of the total outflow from unemployment during the studied period). The LFS data show that the mean unemployment duration oscillated between 9 and 19 months during the period 2003 -2013, averaging 14 months. However, job seekers can use various job search methods, and unfortunately, the outflow from unemployment to employment cannot be equated with public employment intermediation.
I attempted to check the robustness of the results in a few ways. The time series used in the analysis are non-stationary, but the residuals are stationary. Thus, the models converge to the long-run equilibrium. The application of Engle-Granger procedure would yield only one cointegrating vector, even if there were, in fact, more than one. Gałecka-Burdziak (2015a) analysed the aggregate labour market matching in Poland during an analogous period. She used time series techniques. Using the Johansen approach, she reported, among other findings, one cointegrating vector in majority of the matching functions models. Thus, I
assume that the results presented in this paper reflect long-run equilibrium in the matching process.
As indicated above, various worker flows affect the matching function elasticities.
Gałecka-Burdziak (2015b) mathematically and empirically analysed the direction of the bias for random, stock-flow and job queuing models when certain worker flows are omitted. She examined various sets of endogenous and exogenous variables from registered unemployment data in Poland and Spain. Only some of the theoretical implications were confirmed.
Additionally, Gałecka-Burdziak (2015b) found that unemployment has a greater influence on matching than it does on discouragement.
The findings of this article are consistent with the previous results for the Polish labour market. The unemployment stock enjoys the highest elasticity in most of the results, but demand is the driving force in the job creation process. The exit rate from unemployment to employment appears to jointly depend on the stock and inflow of new job offers, whereas certain estimates reflect indices of labour market tightness. The point estimates in this paper are more quantitatively robust than those of previous contributions. They differ because I econometrically address the temporal aggregation problem in the data and do not adopt the augmented matching function concept, as the matching itself is of primary interest in this study. The analysis could be extended by considering data on the precise effects of public employment offices or data referring to the entire labour market. That, however, is precluded by data limitations. , the unemployment pool available for matching at each moment, depends on the fraction of the beginning-of-period unemployment stock that has not formed any match during the period (0, ) and the fraction of the unemployment inflow that entered the unemployment pool but
Concluding remarks
has not yet matched during the interval (0, ).
where 0 is the beginning-of-period unemployment stock and is the unemployment inflow during a period (0, ). If we assume that the unemployment inflow and the unemployment stock hazard rate are constant, i.e., = and = , respectively, we expect a uniform distribution of unemployment inflow during a month and relatively large month-to-month variation in regressors compared with a within-month variation and a constant hazard of leaving unemployment. Calculating integrals yields the aggregated number of job seekers available for matching at time :
It also yields the matching function:
The terms in brackets are the outflow rates of the unemployment stock and unemployment inflow, respectively. Analogous procedures may be used to derive an equation representing the total number of matched vacancies.
In the stock-flow matching mechanism, stocks match with inflows. A positive estimate of the parameter indicates an instantaneous probability of leaving the unemployment pool by the unemployment inflow (instantaneous match after entering the unemployment pool). If the newly unemployed individuals do not find proper matching partners, they must wait with probability (1 − ) for new vacancies to enter the market. Then, each agent matches according to a hazard rate . The unemployment outflow equation is
Appendix B: Coles and Petrongolo (2008) 
model
The authors define the equation presenting the total number of matches in month .
They assume constant inflows of new agentsand -which represent job seekers and vacancies, respectively. The first integral of equation B.1. shows the fraction of the unemployment stock that successfully matches in month . The second integral shows the fraction of the newly unemployed who enter the market and also match during month with the probability expressed in the bracket integral.
B.1 which simplifies to
The "at risk" measure of unemployment 9 includes the fraction of the beginning-of-period stock that failed to match until time and the fraction of the inflow of new job seekers who also failed to match until time .
The expected number of matches in the random model is then
where is total number of matches in month , ̅ is the "at risk" measure of unemployment, and is the average re-employment rate.
An analogous procedure applied to vacancies yields the number of matches:
where is the "at risk" measure of vacancies, is the average vacancy matching rate, and the "at risk" measure of vacancies, ̅ , is as follows:
The expected number of job seekers must equal the expected number B.10 leads to the "at risk" measure of job seekers situated on the long side:
The expected number of matches is as follows:
An analogous procedure, applied to vacancies, yields the number of matches as follows:
where is the fraction of the vacancy inflow that matches immediately after arriving in the market, and the "at risk" measure of vacancies, ̅ , is The empirical strategy combines estimation of the hazard function and instantaneous matching probability parameters and solving the set of equations B.11, B.14 -B.18, where the predicted number of matches is ( ) = ̅ + . Model I -overidentified stock-flow with = ( , , ) and = , Model II -full stock-flow with = ( , ) and = ( , ), Model III -overidentified job queuing with = ( , , ), Model IV -job queuing with = ( , ), Model V -stock-based with = ( , ). Dependent variable: outflow from unemployment to employment. Estimation method: non-linear least squares. * -significant at the 10 per cent level, ** -significant at the 5 per cent level, *** -significant at the 1 per cent level. Standard errors reported in brackets. Expected duration measured in weeks and counted as ( − ) . The matching elasticities are sample averages. The sample averages of and are reported in square brackets. 
